We propose to apply the efficient, cost-effective, interferenceresistant levelled RFID localisation methods to compute the estimated position of a moving entity in real time within an indoor environment. Passive type of RFID tags affixed onto the floor is elected as known reference nodes as their cost and implementation are more efficient. The results of the simulation indicate that the methods are highly accurate in the tracking of the indoor mobile entity.
Introduction
As the cost and size of the Radio Frequency Identification (RFID) transponders have been decreasing dramatically over the past two decades, their impact on the utilisation of the technology in the academic (Kritzler et al., 2008) , industrial and commercial sectors has been tremendous. The capability and capacity to identify, store and retrieve large amounts of data embedded in these tiny -and sometimes almost invisible -tags, coupled with the speed and accuracy to determine the object's estimated location, make RFID tags much more powerful and efficient, compared to the traditional technology that requires physical contact and line-of-sight such as barcodes. Most of the current basic RFID systems are capable of providing location information. Though they are coarsegrained, the technology can be used to identify the proximity of any tagged objects. As the more accurate of the location information of tagged objects is becoming available, the more breadth and depth of the application of the RFID technology can be developed.
Real-time localisation of objects and people is highly desirable and provides the underpinning for many potentially critical and beneficial applications. Hence, an effective, efficient, low-cost and accurate RFID localisation system will be invaluable. Localising techniques can be classified into RF-based (radio frequency) and non-RFbased (Zhou and Shi, 2009) . Global Positioning System (GPS; Parkinson and Spilker, 1996) is a successful RF-based method for positioning outdoor objects. The primary segment of the system comprises two-dozen space satellites, which transmit their current positions and time corrections to the GPS receivers of the users. Using that information from several chosen satellites, the receivers compute the local times and threedimensional locations. It is well known that GPS is capable of accurately positioning outdoor objects by means of radio waves. But GPS in general does not work in an indoor environment because the satellite signals are heavily attenuated by the walls and floors of the buildings. RF-based localisation approaches also include Wireless Local Area Network (WLAN), Wireless Sensor Network (WSN) and RFID localisations. In WLAN localisation, a WLAN device can be localised based on beacon signal strength information between the device and access points. Some of the major studies on WLAN localisation can be found (Castro et al., 2001; Sayed et al., 2005; Smaliagic and Kogan, 2002; Yu et al., 2006) . Generally speaking, WSN localisation techniques are based on AOA (Angle-of-Arrival), TDOA (Time-Difference-of-Arrival) and RSS (Received Signal Strength). WSN localisation is an important area of research and many studies have been reviewed (Boukerche et al., 2007; Mao et al., 2007; Patwari et al., 2005) . RFID localisation techniques are surveyed (Zhou and Shi, 2009; Bouet and dos Santos, 2008; . They are similar to other RF-based localisations in principle; the main advantage over WLAN and WSN approaches is the inexpensiveness and ease of deployment (Zhou and Shi, 2009 ). We will address RFID localisation in detail in the subsequent sections. Non-RF-based localisation techniques employ acoustic, vision, ultrasound (Priyantha et al., 2000) , infrared (Want et al., 1992) and laser as measuring signal. These techniques typically are built on TOA and triangulation or multilateration algorithms.
An overview of RFID technology
As both an enabler and enhancer of the IoT (Internet of Things), RFID undertakes the crucial function for recognising an entity and for furnishing the coarse-grained positional data in addition to the other details and facts of an entity. In concert with the infrastructure of the internet, it sets in motion the possibility and capability of communicating and connecting from everything to everything else at anytime and from anywhere. There are three major components in a modern day RFID system (Krishna and Husak, 2007; Sarma et al., 2002) : the transponder (commonly called the tag), the reader (transceiver, or interrogator) and the backend server. The tag can be passive (a small antenna connected to a microchip without integrated power source, which harvests energy emitted by the reader to operate and communicate with the reader by backscattering), active (powered by an internal battery, it transmits an RF signal in response to the reader, rather than backscattering the reader's signal), or semi-passive (using a battery to power up the microchip and also using backscatter to communicate with the reader). The reader is located between the tag and backend server. The reader sends and receives information to and from the tag and communicates with (updates) the backend server. The backend server, at the highest level of RFID infrastructure, runs applications, hosts databases, processes information from the reader, and connects to the enterprise network. In a sample RFID system, we use the ALR-8780 RFID reader/ antenna and passive EPC Class 1 UHF RFID tags ALL-9338 by Alien Technology.
The rest of the paper is organised as follows. In Section 2, we introduce RFID localisation systems and discuss the basic localisation methods in the literature. In Section 3, we describe the three mobile levelled indoor localisation methods that utilise passive RFID technology. In Section 4, simulation results are obtained for the proposed methods. Then the results from the simulation are compared and analysed in Section 5. Finally, the paper is concluded in Section 6.
RFID localisation systems
One of the most regarded localisation methods is LANDMARC (Ni et al., 2004) , investigated in the hospital setting to assist in the locating of patients, staff and equipment (Li et al., 2004) , where active RFID tags utilise RSS to estimate their positions in real time. In order to reach multi-level approximation of the location, the LANDMARC approach alters the readers' transmitter powers in various levels and knearest neighbour reference tags. SpotON is another indoor localisation system based on RSS measurements to estimate inter-tag distances. RG (Kulyukin et al., 2004) , robotic guide, is a RFID-based indoor navigation robot with the help of passive RFID tags deployed in the environment. RG navigates in the building using potential fields and by finding empty spaces around itself. WLPS (Tong and Zekavat, 2007) , wireless local positioning system, is intended for the design of intelligent vehicles to improve road safety by avoiding collisions. Using active RFID tags, WLPS estimates the location based on the time-of-arrival and direction-of-arrival. R-LIM (Choi et al., 2006) , RFID-based library information management, is used to find displaced library books in real-time. R-LIM is based on the aging-counter method which, in essence, is the nearest neighbour and proximity approach. RFID localisation systems are generally implemented based on two classes of algorithms (Bouet and dos Santos, 2008) : Class-1, using RF propagation models to estimate the distance, e.g. RSS and TOA; Class-2, without using RF propagation models. The Class-2 algorithm can be further classified into two sub-groups: (a) calibrate the RF distribution and then estimate the location, e.g. multilateration and Bayesian inferences; (b) direct estimate location, e.g. nearest neighbours, proximity and kernel-based learning. In the next section we will elaborate our algorithms of choice.
The three RFID localisation algorithms

The levelled nearest-neighbour
Aiming to greatly enhance accuracy, the authors propose to combine the nearestneighbour method (Priyantha et al., 2000) with an alternative to the multi-levelled signal strength indication. As the current RFID readers have great difficulties in measuring RSS accurately, especially in the real-world environment due to noises and interferences, we decide to use detectable or non-detectable counts in place of the RSSI (Received Signal Strength Indicator). The main notion of the nearest-neighbour method is that the more similar a target tag's signal strength to that of its closest neighbours, the closer it is to its location. The scheme intends to improve the accuracy by expanding the nearestneighbour method into multiple levels (Chan and Zhang, 2012) . The set-up is as follows.
The reference passive RFID tags are deployed in a grid. The reader (mobile or quasimobile) has three different discrete power levels -high, medium, and low -with highlevel having the longest reading range and low-level with the shortest range. The algorithm is illustrated in Figure 1 . The black dots are reference tags located on the grid with known coordinates. The solid-lined square is the target. When the high-level power is used, there are four nearest neighbours: a, b, c and d, which are detectable in the large radius. The location estimate of the target is the centre of abcd, i.e. the black dash-lined square. When the power is switched to medium-level, there are two detectable neighbours, b and c, in the red-dashed line radius. The new estimated location for the target is the red-dashed line square. To keep the calculation simple, we just move the first estimate to the right of the half-distance of the centre of abcd to line bc. Finally, when the low-level power is used, only the single neighbour c is detected. Therefore, the algorithm moves the second estimate down half-distance of the centre of abcd to line cd to get the last estimate of the target, i.e. the black solid-lined square. The estimate of the target location gradually gets more accurate. We can also see that the levelled nearest-neighbour algorithm is indeed a weighted average approach (Papapostolou and Chaouchi, 2011) , i.e. the closer the reference tag and the more weight it will get. We can use a formula to express the estimate as:
are the coordinates of the reference neighbours, where i = a, b, c, or d. The weight w i equals to the number of being detected.
In the example shown in Figure 1 , reference tags a and d are detected once, therefore w a = w d = 1; b is detected twice, hence w b = 2; and c is detected three times, thus w c = 3.
The levelled multilateration
A well-tested and highly mature method to realise the location of objects is multilateration. The scheme often dictates that the RF signal distribution be calibrated first. In this approach, the calibrating process is the acquisition of the weights (Chan and Zhang, 2012) . Most often, a larger number of detectable indicate stronger signal strength.
The distances from all detected reference tags in N are replaced with the inverses of corresponding squared weights. The system of equations for the general multilateration algorithm (Zhou and Shi, 2009 ) can be rewrite as:
(2)
The above system of quadratic equations can be reduced to linear equations by subtracting the first equation from all other (|N|-1) equations (Zhou and Shi, 2009 ). Caffery (2000) provides the details for how to solve the system of equations by a standard least-square (LS) approach.
The levelled Bayesian inference
In essence, the approach of Bayesian inference (Zhou and Shi, 2009; Yu et al., 2006) is to estimate optimally the posterior probability of the hidden or unknown states recursively in a system that is of the nature of Markov, as incomplete measurements or observations become available in a Bayesian network, which integrates the rule of Bayes (p(A|B) = p(B|A)p(A)/p(B)) and a directed graph. The edges of the graph are used to represent conditional dependence and information flow. We estimate the posterior probability of the target tag t (for simplicity, with t also representing its location (x, y)) when a series of n signal strengths s i (i = 1,..., n) of its reference tags (a, b,...) transmitted to t are available (Chan and Zhang, 2012) . As an example, Figure 2 demonstrates how the posterior probability is inferred for the case of Figure 1 . The strengths of the three measures by the readable of reference tags (a, b, c, d) are s 1 = (1, 1, 1, 1), s 2 = (0, 1, 1, 0), and s 3 = (0, 0, 1, 0), where 1 means presence and 0 means absence of the corresponding reference tag. Since the system is assumed to be a Markov process, hence given t, the probabilities of s i are independent of each other. The probability of target tag position t, given the series of measurements of its neighbour strengths p(t|s 1 ,…,s n ), can be calculated by the following recursive equation (see von der Merwe, 2004):
where α is a normalising factor, p(s i |t) is the probability of signal strength of measurement i given the target. Here, the signal strength will use the detectable counts as mentioned in Sections 3.1 and 3.2. In the case of moving targets, equation (3) involves multi-dimensional integrals, in which Kalman filters, particle filters and Monte Carlo methods, among other techniques, need to be utilised to approximate the solution. For solving the recursive equation (3), we need to determine the a priori probability p(t|s 0 ) ≡ p(t) for the target t, which represents all available information known about the target beforehand. As we only know the boundaries about the target in advance, we will use the uniform distribution probability for p(t|s 0 ) since it is the least biased (Bourgault et al., 2003) . Therefore, p(t|s 0 ) = p(t) = 1/N, where N is the total number of reference tags in the region of the target tag. In our levelled algorithm, we make three measures, i.e. n = 3. If we take account of the initial s 0 , equation (3) ( 4 )
Simulation results
For the proposed RFID location tracking algorithms, the size of the room used is 30 × 30 m 2 . The actual path of the mobile object chosen is that of a U-shape ( Figure 3) . The path elected demonstrates that the proposed methods are able to track the movement of the entity as it makes sharp turns. The starting position of the moving target is (x, y) = (5, 15) and the ending location is about (22, 14) . Moreover, the distance of the object travelled per 'time step' or iteration is fixed at a constant length of three quarters of a metre. Using a computer simulation program with the proposed schemes, the location of the object is estimated at every time step and is compared with its actual position. The distance between the estimated location and the actual position is the estimate error for that location. Since the object travels 40 steps from its starting point, the distance errors from each step are summed up and then divided by the number of steps to give the average distance error for the whole path travelled, i.e. the Mean Localisation Error (MLE).
The various reference tag densities tested are from 1 to 5 m (with half-metre steps), and the different radius ratios of the detection range of the high-level power of the RFID reader vary from 80% to 150% of the 'default R (radius)'. The 'default R' is used as the radius of the high-level power detection range when the reference tag density is at 4 m; i.e. 3/4 of the length of the line ac = 4.2426 m (see Figure 1) . In other words, 80% of default R is 4.2426 × 0.8 = 3.3941 m. The current ratio of the radii of the set of three detection ranges used in the methods is 2:3:4, i.e. the large detection range is twice of the small one, and the medium one is the average of the small and the large. For each case, when the R changes (from 80% to 150% of the 'default R'), the ratio of the three detection range radii remains unchanged at 2:3:4.
Working together with the Alien Technology Corporation's passive RFID tags, the UHF reader (Alien ALR-9900+) has a maximum detection range of up to approximately 7 m. By adjusting the power attenuation level of the reader from the default setting of zero power attenuation, one can control the range of the detection of tags for the reader from the maximum detection range to a shorter range. In order to obtain the specific detection range of a particular type of tag used under the real-world circumstance, one needs to conduct trials to determine the exact cut-off of the power attenuation level of the RFID reader for a tag to be detected or not. For example, if one wants the RFID reader to have a detection range of 4 m, one will place the tag 4 m directly in front of the reader's antenna and then keep adjusting the power attenuation level of the reader until the power attenuation cut-off threshold level is reached. One can repeat the process for the detection range of 3 m, 2 m and so forth. For the purpose of our simulation, the adjustment of power attenuation level of the RFID reader will provide us with the specific ranges of detection that we choose. For our current simulation study, the purpose and focus are the examination of the performance of the proposed methods without interference from any objects and therefore we consider that the room is free space and does not have any objects that may have interference with the detection of the RFID reference tags that are affixed onto the floor.
For our simulation, we consider any reference tags that are located within the detection range of the reader are read. Moreover, we assume the moving entity carries the antennas of the reader and therefore the entity's position is the centre of the detection range. For instance, when the experimental parameters are set such that the reference tag density used is 3 m and the detection range of the high-powered RFID reader used is the default R, the following reference tags are considered read as they are within the detection range of the target, i.e. the linear Euclidean distances from the reference tags to the target are less than or equal to the detection range.
Hence, when the target is at the starting position of (x, y) = (5, 15), the (x, y) coordinates of the reference tags that are read by the high RFID reader power level's detection range (= 4.2426 m) are: (4.0, 13.0), (7.0, 13.0), (1.0, 16.0), (4.0, 16.0), (7.0, 16.0), (4.0, 19.0); the (x, y) coordinates of the tags that are read by the medium power level's detection range (= 3.1819 m) are: (4.0, 13.0), (7.0, 13.0), (4.0, 16.0), (7.0, 16.0); and the (x, y) coordinates of the tag that is read by the low power (= 2.1213 m) are: (4.0, 16.0). Since we do not place reference tags on the boundaries of the virtually simulated room but a metre from them, the (x, y) coordinates of the 'first' reference tag is (1, 1), the 'second's' are: (4, 1) and so on (for the case of 3 m reference tag density). When we apply the proposed levelled nearest neighbour method to compute the estimated location of the target, based on the data of the detected tags mentioned above, we have (x, y) equal to (4.8181, 15.1818) . Since the actual location of the target at this step of starting point is (5.0, 15.0), we can compute the error for this location step to be 0.2571 m. We use the same procedure to compute the estimated location for all 40 steps that the object travels. For this parameter setting (3 m reference tag density, 100% default R for the high-power level detection range), the sum of errors of the 40 steps plus the starting position is 8.1792 m. When dividing the sum of errors by the 41 locations of the moving target, we get the MLE of 0.1994 m for the whole path the object travelled. Using the same method of computation for all the experimental parameter settings examined, we can then generate the data and plot the graphs that are depicted in Figures 4 and 5 . The implementation of proposed methods is that if for any move when the location of the object cannot be estimated due to either no or insufficient reference tags detected for that parameter setting, we assume the result will not be generated for that parameter setting. For example, when the tag density is 5 m and 80% of default R is used, zero tag is detected for a move using both the mobile levelled nearest neighbour and Bayesian inference methods. In addition, for the Mobile Levelled Multilateration (MLM) method, when the tag densities are low (5-3.5 m) and the radii of the detection ranges are short (e.g. 80%-90% of default R), less than three reference tags are detected for certain moves; so results are not generated for those parametric values as with only two or less detected reference points, multilateration cannot estimate those positions of a moving object at those steps.
The mobile levelled nearest-neighbour
As indicated by graphs shown in Figures 4 and 5 , the results (MLE at 0.0442 m and 0.0517 m) of the proposed Mobile Levelled Nearest-Neighbour (MLNN) method are remarkable when the reference tag density used is at 1 m and the large detection range is at 120% and 90% of 'default R' (5.0911 m and 3.8183 m). However, when the reference tag density is too low while the detection range is also too small, results can be disappointing; e.g. when the density is 5 or 4.5 m and the large detection range (radius) is 90% or 80% of default R, the MLEs are 0.8982 m and 0.6276 m, respectively. The problem is that only the high-power detection range is able to read the reference tags, but the medium and small detection ranges fall short to do so. In general, the higher the reference tag density, the better the tracking performance regardless of the range of the high-power detection (the R) used, as the MLE obtained at high tag density is quite small.
The mobile levelled multilateration
As shown in Figures 6 and 7 , the location tracking accuracy performance of the proposed MLM scheme is quite satisfactory when the proper reference tag density and R are chosen. The median MLE is 0.6982 m when 2 m reference tag density and 120% of the default R are selected. Moreover, the best MLE is 0.3529 m whilst 2.5 m tag density and 80% of the default R are used and this kind of performance is quite respectable. Finally, unlike the MLNN method, the power level of the RFID reader seems to play a bigger role for the MLM approach as it tends to have a better performance when the power level of the RFID reader used is smaller (which produces a shorter radius of the detected zone) and the reference tag density is higher (1-2.5 m). 
The mobile levelled Bayesian inference
Similar to the performance of the mobile levelled nearest neighbour, the mobile levelled Bayesian inference algorithm performs quite well with highly satisfactory outcomes (Figures 8 and 9 ). More importantly, the results (0.0418 and 0.0419 m) are impressive when the high-power detection ranges employed are relatively long (120% and 140% of the default R) and the reference tag density is high (at 1 m). On the other hand, problems similar to that of the mobile levelled nearest neighbour scheme can occur when the tag density is too low and the detection range is overly short. That causes the failure in the detection of any reference tags as they are outside the interrogation zone of the mid-and low-power levels of the RFID reader and the performance of the scheme will be significantly jeopardised (e.g. 1.05 m MLE at reference tag density 5 m and 90% R). 
Computation process time
We measure the CPU (Central Processing Unit) times per simulation step that the methods take and obtain their averages and maximums in milliseconds (ms) per simulation step: As it is mentioned in Section 4, certain parameter setting runs do not have results because the number of detected reference tags is either zero or insufficient. Therefore, those parameter setting runs are excluded from the above CPU time computation. Since the calculated average and maximum CPU times per simulation step for all three methods are short, it indicates that the proposed methods can track the object's movements in real time. In general, the CPU time per simulation step depends on the number of reference tags detected, i.e. if the number of detected tags is small, then the CPU time will be short; on the other hand, if the number of detected tags is large, then the CPU time will be long. Moreover, the number of reference tags detected depends on the parameters reference tag density and range of detection. Apparently, when the tag density is high (1 m) and the detection range is long (150% of default R), then the tags detected number will be large. On the contrary, when the tag density is low (5 m) and the detection range is short (90% of default R), the number of detected tags will be small.
Overall, as indicated by the results of the computer simulations, all three multi-level mobile RFID localisation algorithms perform quite well as long as the extreme parametric values are dealt with appropriately (the median MLEs obtained are 0.2435, 0.6982, 0.2321 for MLNN, MLM, MLBI, respectively). Figures 10-12 show that the proposed methods are able to follow the movement of the object quite nicely as it makes sharp turns along its U-shaped path. Even with the worst parametric values that are tested, the three methods are still able to track the general direction of the motion of the entity (MLEs 0.8982, 1.2606, 1.0500 using the following tag density and percentage of default R: 5 m, 90% R; 5 m, 130% R; 5 m, 90% R).
The best results of both MLNN and MLBI (0.0442 and 0.0418 m) are much more accurate than that of MLM (0.3529); the reference tag density and power detection range used are 1 m, 120% R for both MLNN and MLBI, and 2.5 m, 80% R for MLM. Though the performance of MLM is a bit less satisfactory as the deviation of its best computed path from the actual path is far from perfect but somewhat noticeable. But with the optimal parameter setting, the resulting best computed paths of MLNN and MLBI are very close to that of the actual path of the moving entity. In general, both MLNN and MLBI perform better as the chosen reference tag density approaches a higher value. Finally, MLM does better when the range of the high-power level of RFID reader used is shorter. As demonstrated by the outcomes of the computer simulation, the mobile-detectable count RFID localisation methods generate superlative accuracy performance when the appropriate values of detection range and reference tag density are selected. Moreover, employing passive RFID technology to acquire the indoor positional information of mobile objects is quite cost effective. The simulation results establish that the methods are able to track the mobile entity in real time even when it undertakes sharp turns. To confirm that the methods work well outside the simulated virtual room, we will conduct experiments to see how the schemes perform in a real-world setting as they attempt to track entities moving freely in a large indoor environment.
